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Abstract— In this work, a comparative study is carried out
with two different predictive controllers that consider the longi-
tudinal jerk and steering rate change as additional parameters,
as additional parameters, so that comfort constraints can be
included. Furthermore, the approaches are designed so that
the effect of longitudinal and lateral motion control coupling
can be analyzed. This way, the first controller is a longitudinal
and lateral coupled MPC approach based on a kinematic model
of the vehicle, while the second is a decoupled strategy based on
a triple integrator model based on MPC for the longitudinal
control and a double proportional curvature control for the
lateral motion control. The control architecture and motion
planning are exhaustively explained. The comparative study is
carried out using a test vehicle, whose dynamics and low-level
controllers have been simulated using the realistic simulation
environment Dynacar. The performed tests demonstrate the
effectiveness of both approaches in speeds higher than 30 km/h,
and demonstrate that the coupled strategy provides better
performance than the decoupled one. The relevance of this
work relies in the contribution of vehicle motion controllers
considering the comfort and its advantage over decoupled
alternatives for future implementation in real vehicles.
I. INTRODUCTION
The vehicle driving tasks conventionally designed for hu-
man drivers are exponentially changing towards automation,
giving the system the ability and authority to make decisions
independently and self-sufficiently[1]. Several research and
development efforts are heading to assure the safe execution
of motion planning maneuvers under different traffic situ-
ations through virtual environments before to validate the
dynamic behavior of the vehicle[2].
The ability of a vehicle system to successfully perform a
dynamic driving task relies among other functions in the
lateral and longitudinal vehicle motion control, including
the detection of the vehicle position relative to the path
and maintaining a settled speed[1]. In the literature, differ-
ent control approaches have been proposed to implement
lateral and longitudinal motion controllers, such as adap-
tive PID[3], Lyapunov-based approach[4], Model Reference
Adaptive Controller (MRAC)[5] and several different focuses
from vehicle control comparatives[6]. However, most of
the approaches only focus on reference tracking, without
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considering the comfort of the passengers. Moreover, there
is a tendency to decouple lateral and longitudinal motion
controllers, which could reduce the tracking performance.
In contrast with previous strategies, the Model Predictive
Control (MPC) permits to constraint physical parameters
assuring safety and under a desired level of comfort[7].
Being a complex control problem, two strategies have been
proposed when implementing the motion controllers. First, a
coupled strategy in which the lateral and longitudinal control
are considered in a single strategy [8], [9], which implies
a more complex control problem. Second, a decoupled
strategy, which allows to simplify the control problem by
designing a controller for each task: one maintaining the
lateral position of the vehicle along the road, and other
following a speed reference [10], [11], [12], [13], [14].
Most of the previous controllers have the drawback that
do not consider the comfort as a priority. Also, exists a
tendency to decouple the lateral and longitudinal motion
control, which means a simplification of the problem but
reducing the performance and feeling comfort.
This way, in this work a comparative study is carried
out considering two predictive controllers that consider com-
fort constraints in their formulations: a coupled lateral and
longitudinal motion controller based on a modification of
the kinematic bicycle model MPC proposed in[8]; and a
decoupled approach that combines a triple-integrator model
based MPC[7] for the lateral control combined with a double
proportional curvature control for the lateral control[12]. The
performance of both controllers and the coupling effect is
analyzed considering a set of simulations using a realistic
simulation environment, in which both the test vehicle and
its low-level control have been modelled.
The rest of the work is organized as follows: SectionII
develops each stage related with the control architecture
developed for the vehicle motion control, detailing both
proposed controllers. SectionIII details the simulation envi-
ronment and the results of the tests performed, including the
comparative analysis carried out. Finally, in SectionIV the
most important ideas are summarized.
II. CONTROL ARCHITECTURE
This section describes the control architecture used in this
investigation (Fig. 1). It begins with a global planner which
contains all the path information for the vehicle. The local
planner calculates how far is the vehicle from the desired
path and if it is well oriented. The references provided by
the local planner are to be executed by a control stage. In this
work, two different MPC-based strategies are proposed, in
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Fig. 1. Architecture for coupled and decoupled control
which the longitudinal and lateral vehicle motion control is
presented in coupled and decoupled form. To execute these
controllers some driving constraints as comfort are included.
Finally, the test platform and the simulation environment area
are presented.
A. Global planner
The designed route optimizes a space slightly smaller
than 20 per 100 meters commonly used for real tests. An
even number of maneuvers turning both to right and left
attempt to reproduce real urban scenarios as roundabouts
(RA), lane changes (LC) and intersections (INT). Smooth
trajectories are obtained applying a parametric Bezier curve
procedure [15]. To generate the route are necessary the
entrance, exit and radius (for roundabouts) locations, and the
design parameters (D). Each section of the route is designed
with an even number of points (N) of 21.
An approximating polynomial γ(T )=(X(T ), Y (T )) with
T[−1, 1] as a design variable is used to calculate the
curvature k based on derivatives [16] at each point of the
route using the Eq. 1:
Fig. 2. Smoothed path with Bezier curves
k =
|X ′Y ′′ − Y ′X ′′|
(X ′2 + Y ′2)
3
2
(1)
where X and Y are the coordinates expressed in the global
reference frame depicted in Fig. 4.
The reference velocity vref along the desired route is
calculated using Eq. 2. A comfort criteria is introduced
considering a permissible total acceleration to be felt by the
passengers aw[17]. k is the curvature of each point in the
route. The weight index (nw=1.4) is based on the standard
ISO2631-1.
vref =
√
aw
nwk
(2)
The route in local coordinates and orientations, as well
as the main points for the different maneuvers planned
using Bezier curves are shown in Fig. 2. The curvature and
velocities obtained from Eqs. 1-2.
B. Local Planner
In this stage the differences between the location of the
vehicle and the route from the Global Planner are calculated
according with the parameters depicted in Fig. 4. As the
route is divided in consecutive straight segments, if the
projection of the vehicle onto the segment is out of bounds
the previous or the next segment must be selected to make
a new projection. Eq. 3 is useful to know if the projection
of the vehicle is on the segment:
υ =
(Xi −X0)(X1 −X0) + (Yi − Y0)(Y1 − Y0)
(X1 −X0)2 + (Y1 − Y0)2 (3)
where the value of υ must be from 0 to 1 for a correct
projection of the vehicle on the segment of the route. A
previous or next segment will be selected in case of the value
of υ be negative or higher than 1, respectively. This means
that the projection is out of bounds.
After the projection of the vehicle is onto the selected
segment, the perpendicular distance of the vehicle to the
route and the difference in their orientations are calculated,
being these the lateral and angular errors. A flow diagram of
this process is shown in Fig. 3.
1634
Parameters from the route planner as vx, X, Y,Ψ (Fig. 4)
and the curvature k are taken from the selected segment of
the route as references for the control. Eqs. 4 and 5 show
the calculation of vehicle’s lateral and angular errors with
respect to a route segment.
ey =
(Yi − Y0)(X1 −X0)− (Xi −X0)(Y1 − Y0)
(X1 −X0)2 + (Y1 − Y0)2 (4)
eφ = arctan 2(sin(Ψi −Ψ0), cos(Ψi −Ψ0)) (5)
C. Vehicle Motion Control
In this section, the lateral and longitudinal control ap-
proaches are detailed. As stated in the introduction, two
control approaches will be detailed and compared. The first
is based on a coupled approach, that used a kinematic bicycle
model to perform lateral and longitudinal MPC control. The
second is a decoupled approach, in which a triple integrator
model is used to implement a longitudinal MPC control, and
a double proportional curvature control for the lateral control.
For the rest of the section, the following nomenclature
is used: the x and y are the coordinates relative to the
longitudinal and lateral axis of the vehicle with origin in
the center of gravity, X and Y are the global coordinates,
Ψ is the heading angle of the vehicle, dx is the path travel
distance, vx is the longitudinal speeds, ax is the longitudinal
acceleration, δ is the front wheel steering angle, and the jx
and ∆δ are the longitudinal jerk and the front wheel steering
rate change of the vehicle, respectively.
In order to detail the developed controllers, this section is
divided as follows: In section II-C.1 the Kinematic Bicycle
model used in the coupled controller is detailed. Section II-
C.2 details the triple integrator model used in the decoupled
controller. Section II-C.3 specifies the MPC formulation.
Section II-C.4 explains the considered driving constraints,
which are applied to both controllers. Finally, Section II-
C.5 mentions the toolbox employed to solve the MPC
formulation.
1) Kinematic Bicycle Model for the Coupled Controller:
The kinematic bicycle model is used in the MPC coupled
controller to consider lateral and longitudinal coupled behav-
ior of the vehicle. The two front and rear wheels are lumped
into a unique wheel in the centers of the front and rear axles,
respectively (Fig. 4). The constant L denotes the wheelbase
Fig. 3. Route tracker in control architecture
Fig. 4. Simplified kinematic bicycle model of the vehicle
of the vehicle. Focusing in comfort, this model differs from
[8] in the addition of Eqs. 7b and 7f permitting to choose the
rate change of physical control devices. Also, the slip angle
variable is removed from the original system of equations
detailed in [18] due to its negative effect in the longitudinal
vehicle motion control. Eqs. 7a-7f and the following explicit
ODE formulation describes the kinematic bicycle model:
d˙x = vx (6a)
v˙x = ax (6b)
a˙x = jx (6c)
v˙x = ax (7a)
a˙x = jx (7b)
X˙ = vx cos(Ψ) (7c)
Y˙ = vx sin(Ψ) (7d)
Ψ˙ =
vx tan(δ)
L
(7e)
δ˙ = ∆δ (7f)
2) Triple Integrator Model for the Decoupled Controller:
A triple-integrator is implemented to model the longitu-
dinal kinematic of the vehicle in the proposed decoupled
controller[7]. In this approach, the vehicle is considered as
an ideal particle which is considered as an ideal particle
traveling along a predefined route. An explicit ODE formu-
lation describing the longitudinal model of the vehicle is
represented in Eqs. 6a-6c:
For the lateral control of the vehicle, the lateral and angular
errors, and the curvature k of the path are used as proposed
in [12]. This strategy has proven to be useful in the tracking
of routes with curvatures of variable ratio. The headway
distance varies with the speed of the vehicle, taking a point
that is 0.3s in front of the center of gravity of the vehicle.
Eq. 8 specifies the lateral control calculation:
Uy(t) = G1k +G2ey +G3eφ (8)
where the constants G1, G2 and G3 are the controller gains
which values are selected as 1, 0.1 and −1, respectively.
3) MPC Formulation: The linear and nonlinear vehicle
dynamics described for a coupled strategy in Eqs. 7a-7f or
a decoupled strategy in Eqs. 6a-6c can be expressed as the
following general compact form:
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dχ
dt
= f(χ(t), u(t)) (9)
where the state and control parameters are different depend-
ing of the model employed. For the triple-integrator model
are χ = [d˙x, v˙x, a˙x]T and u = jx. For the kinematic bicycle
model are χ = [v˙x, a˙x, X˙, Y˙ , Ψ˙, δ˙]T and u = [jx,∆δ]T .
The aim of the control task consists to follow a defined
trajectory under specific velocities from an initial position
with zero speed in the track. The vehicle dynamics for a
coupled or decoupled strategy has a fixed time step Ts. The
output states are defined for the coupled control in Eq. 10b
and for the decoupled control in Eq. 10a as follows:
η(k) = h(χ(k)) = [0 1 0] χ(k)
(10a)
η(k) = h(χ(k)) =

1 0 0 0 0 0
0 0 1 0 0 0
0 0 0 1 0 0
0 0 0 0 1 0
χ(k)
(10b)
The next cost function is considered for the optimization:
J(χ(t), u(t)) =
H∑
i=1
‖ηt+i,t − ηreft+i,t‖
2
Q
+ ‖ut+i,t‖2R (11)
where η = vx for the triple-integrator model and η =
[vx, x, y,Ψ]
T for the kinetic bicycle model with ηref as
the respective reference parameter. The first summand de-
notes the penalty on speed reference and trajectory errors
while the second one measures the command signals to
the actuation devices. The weighting matrices Q and R are
defined intuitively in order to provide a balance between
safety and comfort as Q = diag([1, 10]) and R = [1] for
the triple integrator model, and Q = diag([1, 1, 1, 1, 1, 1])
and R = diag([1, 1, 1, 1]) for the kinetic bicycle model. The
finite horizon optimal control problem formulation is solved
at each step t as:
min
η(·),u(·)
J(χt, ut) (12a)
s.t. χk+1,t = f
dt(χk,t, uk,t) (12b)
ηk,t = h(χk,t) (12c)
k = t, ..., t+H (12d)
ζf,min ≤ ζk,t ≤ ζf,max (12e)
uf,min ≤ uk,t ≤ uf,max (12f)
χt,t = χ(t) (12g)
where ηt+i,t is the output prediction at time t+ i beginning
from state χt,t = χ(t), H denotes the output prediction
horizon. At the next step t+1, the optimal problem is solved
again with a new horizon based on a new measurement of
the states χ(t+ 1).
One of the improvements of the control stage proposed is
the possibility to define the level of driving comfort through
the definitions of longitudinal jerk and steering rate change as
control constraints. The limitation of this parameters helps to
reduce sudden changes in acceleration, braking and steering.
The MPC outputs jx and ∆δ are numerically integrated
before the next stage to be used as control parameters.
4) Driving Constraints: The lower and upper bounds
for the state (ζk,t) in Eqs. 13a, 13b and 13d, and control
constraints (uk,t) in Eqs. 13c and 13e are selected according
with the MPC model employed:
triple− integrator 0 ≤ vxk,t ≤ vrefk,t (13a)
−3 ≤ axk,t ≤ 1 (13b)
−2 ≤ jxk,t ≤ 2 (13c)
kinetic− bicycle −0.52 ≤ δk,t ≤ 0.52 (13d)
−0.50 ≤ ∆δk,t ≤ 0.50 (13e)
where the constraints defined for the triple-integrator model
are also applied to the kinetic bicycle model at each iteration
t. The route planner of Section II-A specifies the references
ηk,t for the entire horizon.
5) MPC Solver: The open-source ACADO Toolkit is used
to solve the optimal control problem previously described
[19]. The time continuous Optimal Control Problem (OCP)
is reformulated to an approximate nonlinear program (NLP)
using the direct multiple shooting discretization method. The
generalized Gauss-Newton approximation iterates by solving
the Sequential Quadratic Program (SQP) algorithm to solve
the NLP. The SQP is then solved by the dense linear algebra
solver qpOASES3. A continuous output Implicit Runge-
Kutta of Gauss-Legendre integrator of order 2 is exported
by the code to simulate the system with 20 integration steps.
The horizon estimation is parametrized to obtain H = 10
elements of 0.3s each of uniform duration.
D. Test Vehicle
The comparative study proposed in this investigation is
performed in Dynacar[20]. This is an environment and
vehicle dynamics simulator integrated in the control archi-
tecture shown in Fig. 1 as a generated C code compiled
in a MEX function running in MATLAB/Simulink 2015b.
The simulation environment consists of a plain circuit that
contains several traffic features, reproducing an ideal scenario
generally used for real automated driving tests.
The vehicle model relies on a multi-body formulation
of 14 degrees of freedom (DOF) [11]. The chassis and
wheels are linked through knuckle-type suspensions relating
their movements through look-up tables. This formulation
design permits to apply independent torques on each wheel
being broadly flexible in the integration of any powertrain or
braking model.
The simulated vehicle selected for the simulated test
platform is an electric Renault Twizy 80. The characteristics
are depicted in Table I. The CG location is measured from
the front axle of the vehicle.
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TABLE I
RENAULT TWIZY 80 TECHNICAL SPECIFICATIONS
Mass 611.50 kg
Dimensions 2.34 x 1.23 x 1.45 m
CG location -0.93 x 0.00 x 0.49 m
Wheelbase 1.69 m
Trackwidth 1.09 m
Inertia 243.18, 430.17, 430.17 kg-m2
Front wheel radius 0.27 m
Rear wheel radius 0.28 m
Steering ratio 14.27:1 -
Traction torque 57 N-m
Transmission ratio 1:9.23 -
Braking torque 500 N-m
The command signals for the throttle and brake pedals
come from the control stage as normalized values to the
test platform. Therefore, some manipulations must be done
to transform them into torque values. The low-level control
devices acting on the steering wheel, throttle and brake
pedals are simplified and implemented as shown next.
1) Low Level Control Model: The devices involved in this
stage of the control architecture are commonly associated
with servomotors acting directly over mechanical compo-
nents of the vehicle. Consequently, gains, delays and rate
change limiters must be considered in the model to mimic
the behavior of actuation devices in real applications.
A gain is associated with the amplitude of the command
signals usually transformed after passing through interme-
diate devices as programming logic controllers (PLC) or
Electric Control Units (ECU) installed in the vehicles. This
variable is most of the times smaller than the original signal
for the safety of mechanical and electrical systems.
Time delays are considered a critical issue in low level
control, as the command signals are not executed instantly
by the actuation devices. This parameter is mainly associated
with the delays of the internal communications in the vehicle.
The time constant (τ ) of the actuator models (usually first
order systems) is also an important factor when designing the
control system. This behavior in physical devices comes from
the actuation speed that is not immediate. The stabilization
of electrical signals also presents a similar behavior in lower
order of magnitude.
A rate limiter is also a useful parameter to be considered
in control systems to constraint the speed of change in the
position of actuation devices. The values of the parameters
implemented are depicted in the Table II.
2) Steering, Powertrain and Brake Models: The steering
wheel angle rotation to one side has a maximum value of
8.80rad which is directly related to the front wheels through
a steering ratio.
The motor torque is divided and delivered evenly to the
TABLE II
CHARACTERISTICS OF LOW LEVEL OF CONTROL
Gain delay [ms] τ [ms] limiter [s−1]
Throttle 0.57 50 200 -
Brake 0.43 100 200 -
Steering 0.71 50 - 0.50
two rear wheels after being incremented and reoriented by
the gearbox. A general mechanical efficiency in the driveline
(90%) is considered. Considering that simulation tests are
always performed at speeds lower than 10m/s is assumed
that the motor is always delivering a constant torque.
The hydraulic braking torque is divided and evenly applied
in the four wheels. A delay in this kind of systems related
with the lumped lag of the hydraulic system is considered.
III. RESULTS AND DISCUSSION
In this section, the results of a comparative study between
the coupled and decoupled strategies of control defined in
Section II-C. The test circuit defined Fig. (2) is suitable
to replicate several traffic urban conditions under specific
comfort parameters for passengers or goods transportation.
The results are presented as function of the travel distance
(R) on route.
In Fig. 5 the velocity reference, as well as the lateral and
angular errors along the route are depicted. The lateral error
presents a phase difference of nearly 180deg between the
two control strategies. The coupled technique has a better
prediction of the lateral changes which allows the vehicle
to circulate in the inside part of the curves while turning in
contrast with the decoupled approach which uses the outside
of the curves.
The decoupled control becomes unstable at high speeds in
several sectors of the route. The angular error of the coupled
approach is slightly better and no important instability is
observed. The reference velocity is correctly followed and
predicted by both strategies reaching a max speed of 33km/h.
In Table III a comparison between the longitudinal and
lateral behavior in terms of peak-to-peak (p-p) and root-
mean-square (rms) errors is presented. The coupled strategy
shows a better performance in the route tracking both lateral
and angular for each error calculation.
The whisker plots presented in the Fig. 6 shows the
statistical data of the analysis of the lateral and angular errors
results obtained from the simulations of the coupled (C)
and decoupled (D) vehicle motion controllers. Although the
median value of the decoupled controller (0.04m) is lower
Fig. 5. Errors and speed reference
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TABLE III
LATERAL AND ANGULAR ERRORS
measure parameter decoupled coupled
p-p ey [m] 0,57 0,48
eΨ [deg] 53,16 33,71
rms ey [m] 0,13 0,07
eΨ [deg] 12,06 7,60
than the coupled one (0.05m), the 50% of the central data
is lower for the coupled controller (0.06m) having a less
dispersion of the data in comparison with the decoupled
controller. A similar behavior regarding with the dispersion
is found in the angular error results, the coupled controller
shows the best performance.
IV. CONCLUSIONS AND FUTURE WORK
The results of this work permit to evaluate two strategies
for vehicle motion control commonly found in automated
driving architectures. The model predictions obtained from
the MPC are essential to modify the longitudinal velocity of
the vehicle, satisfying the speed limit values defined in the
Route Planner stage and therefore obtaining the desired level
of lateral accelerations along the route.
The decoupled control strategy presents instabilities due
mainly to high speeds. To avoid this problem is necessary to
change the value of the lateral controller gains according with
the range of velocity performed, being this value inherent to
a single vehicle and being no possible to use the exact same
values to control another vehicle of different characteristics
of size and weight.
The coupled control strategy covers a larger range of
velocities obtaining negligible instability responses. For the
tests developed stable responses are obtained having impor-
tant speed changes as from 4m/s to 10m/s. This strategy uses
the same parameter weights in the controller for all the range
of velocities with no need of modifications to obtain good
results. In comparison with the decoupled control, the rate
change in the steering wheel control is considered, being this
also an important factor to obtain smooth and stable results.
The best results are obtained using a coupled control
strategy, having a complete prediction for the status of the
vehicle in longitudinal and lateral parameters. This slows
to optimize the status from references considering driving
constraints accordingly.
Future works will considerate the employment of this
strategies for real vehicle implementation, evaluating the
response under the influence of real sensor, low level control
and non-linearities in the test platform.
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